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ABSTRACT
Online communities that form through the introduction of socio-
technical platforms require significant effort to cultivate and sustain.
Providing open, transparent information on community behaviour
can motivate participation from community members themselves,
while also providing platform administrators with detailed interac-
tion dynamics. However, challenges arise in both understanding
what information is conducive to engagement and sustainability,
and then how best to represent this information to platform stake-
holders. Towards a better understanding of these challenges, we
present the design, implementation, and evaluation of a set of sim-
ple visualisations integrated into a Collective Awareness Platform for
Social Innovation platform titled commonfare.net. We discuss the
promise and challenge of bringing social innovation into the digital
age, in terms of supporting sustained platform use and collective
action, and how the introduction of community visualisations has
been directed towards achieving this goal.
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1 INTRODUCTION
The effectiveness of visualisation for communicating large and
complex information sources has prompted its widespread use
in non-technical domains, allowing diverse sets of users to make
sense of their data. In light of this, visual representations of the
rich information generated by community-driven digital platforms
could provide novel insight into the dynamics of these communi-
ties for their stakeholders. However, the design and application
Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
C&T 2019, June 2019, Vienna, Austria
© 2019 Copyright held by the owner/author(s).
ACM ISBN 978-x-xxxx-xxxx-x/YY/MM.
https://doi.org/10.1145/nnnnnnn.nnnnnnn
of visualisations in such a context requires an understanding of
community goals that are very often social and ethical in nature.
Thus, a design that supports such goals must be carefully adapted
to this context of use. Even when visualisations have been used in
community-building processes, often these are scientific or techni-
cal in nature [24, 27]. Conversely, platforms for social innovation
are composed of end-users who are not necessarily able to inter-
pret complex representations. However, the interactions on these
platforms are a rich complex network, insights of which need to be
effectively communicated to its members, platform administrators
and external entities with a stake in the social innovation process.
Visualisations for participatory action have been investigated
by Schoffelen et al., whose challenges in engaging and informing
passers-by with visual representations in public spaces closely align
with the challenges of digital visualisations for community-driven
platforms [34]. As well as ensuring that a visualisation solution
can be easily interpreted by non-technical users, it must also al-
low users to trace the ‘backstories’ behind the representation, to
understand the social objectives of community members. With a
goal of understanding how these requirements can be satisfied,
this paper describes the design, implementation and evaluation
of visualisations in commonfare.net, a community-driven digital
social innovation project. The visualisations are based on metrics
derived from social network analysis and provide relevant informa-
tion to three different stakeholder groups - community members,
platform administrators, and external entities with an interest in
commonfare.net. The visualisations, and the information that they
represent, have been refined through the following two research
questions:
(1) What information can be derived from social network anal-
ysis to support the development of communities?
(2) How can this information be most effectively visualised to
these communities while accounting for user privacy?
The paper is organised as follows: we first provide an overview
of collective awareness platforms in general, with specific details of
commonfare.net, and relevant literature on social network analysis
and visualisation. We then present the goal of the project’s different
visualisations, and discuss results that have emerged thus far. We
conclude with some reflections for future work.
2 BACKGROUND
Our work on community visualisations is just one facet of the com-
monfare.net platform and its ethos of promoting social innovation.
In this section, we provide a brief overview of social innovation
and similar collective awareness platforms, with a focus on core
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features of our work with commonfare.net - social networks and
their analysis/visualisation.
2.1 Social Innovation and CAPS
A report from the European Commission formally defines social
innovation as “new ideas (products, services and models) that simul-
taneously meet social needs (more effectively than alternatives) and
create new social relationships or collaborations.” [9, p. 9]. Conse-
quently, digital social innovation has emerged as the application of
technologies (such as open hardware and open-source software) to
foster social change and increase social collaboration in areas that
are not provided by traditional welfare state, thereby enhancing
societal capacity. Digital social innovation platforms are complex
socio-technical systems with two core strategies: a “bottom-up”
approach that enables individuals to harness collective action, and
a focus on the use of technology to solve emerging social problems.
commonfare.net is one of many Collective Awareness Platforms
(CAPS) funded by the European Commission, which use digital so-
cial innovation to raise awareness of various issues and offer socio-
technical solutions, allowing affected groups to share resources and
take collaborative action [10]. Bellini et al. describe, categorise, and
assess the impact of initially funded CAPS projects, which exem-
plify platforms closely related to commonfare.net [4]. Examples
include: Open4Citizens [28], which aims to enable communities to
understand and collectively manage open data towards the creation
of public services, and PROFIT [17], which provides a resource for
raising financial awareness and increasing financial capability of
its users. While differing in their domain and scale, such CAPS
projects have various commonalities:
• a goal to raise awareness of a societal issue and generate
collective knowledge on this issue across communities
• a strategy for encouraging target community members to
engage in platform knowledge contribution
• a means for project partners and external organisations to
obtain insight from platform engagement
The backgrounds of target communities, types of contribution
afforded and requirements of platform sustainability all determine
how these common features are represented in a CAPS platform.
2.2 An overview of commonfare.net
Here we offer a brief overview of the commonfare.net platform
and its aims, and describe the socio-political ethos and approach
that characterise the platform. commonfare.net is a CAPS project
that seeks to support people who are experiencing poverty and
precarity in Europe, such as young people who are no longer in
the education system and face difficulties finding a job. Due to the
2008 global financial crisis, which led to a weakening of state-based
approaches to welfare, social innovation can help by favouring
bottom-up emancipation and empowerment processes for those
who have become poor as a result. Hence, commonfare.net has the
ambitious aim to offer tools that can support these “new poors” to
improve their living conditions. The platform has been developed
through participatory design research involving people from three
different countries, specifically: unemployed and precarious young
people in Croatia, precarious workers in Italy and the Netherlands
and, finally, non-Western migrants and benefit recipients in the
Netherlands [6].
The platform seeks to promote and facilitate commonfare, an al-
ternative approach to social welfare [15]. A commonfare approach
is grounded in the recognition that social and economic spheres
are not separate, but instead are inextricably and intricately con-
nected. Key features of a commonfare approach include: the re-
appropriation of the common by communities (a common that
encompasses both immaterial as well as material goods), provision
of a Basic Income to all members of society and the development
of complementary financial circuits for the management and circu-
lation of social wealth.
Users of the platform are called “Commoners”, a name that was
chosen in order to emphasise the focus that the platform has on
creating a common and a thriving community that can benefit from
this common. Thus, commonfare.net seeks to facilitate cooperation
among its users, who share resources in a bottom-up welfare pro-
cess, for their common good. Core components of the platform are
described as follows:
• Users can benefit from a digital currency system - a digital
token called “commoncoin”. Each user has a personal wallet
of commoncoins, which are distributed as a form of monthly
basic income, and can be transferred to other users.
• Users can exchange skills, goods and services, facilitated by
the use of the commoncoin wallets, through a section of the
platform entitled Commonplace.
• Users can utilise storytelling functionality for sharing posi-
tive experiences and good practices for tackling new forms of
poverty. Storytelling is seen as an important way of creating
a common of knowledge and providing stories of emancipa-
tion from poverty conditions.
• Each registered user has a profile, which includes basic de-
tails such as her Commoner name and picture, as well as her
platform “reputation”, which acts as a measure of how much
the user contributes to the common good of commonfare.net.
commonfare.net places particular emphasis on storytelling and
on the sharing of experiences. The platform is designed in a way
that users can write about their own experiences (whether positive
or negative), ways of dealing with their own conditions (e.g., pre-
carious work or unemployment), or innovative processes they have
put in place to help themselves and other people. For example, the
platform includes stories related to experiences of multiculturalism
and cooperation, workers’ self-organising activities, community
shops, recycling and the use of recycled material for creating small
sustainable businesses, to name a few. The overarching concept
is that stories are also a way of interacting with others - users of
commonfare.net can engage with story creators through public
comments or private conversations, with a view to learn more or
to reproduce certain experiences in their own contexts. Further,
users can donate their commoncoins to story authors as a way of
showing appreciation for sharing the story.
In the context of the commonfare.net platform and its commu-
nity, this paper reports on activities conducted to support com-
munity social innovation development, through the design and
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evaluation of a series of visualisations. These serve both Common-
ers as well as community managers, by representing metrics of
interest to each group, derived from Social Network Analysis.
2.3 Social Network Analysis
Rooted in sociology, the study of relationships between individuals,
the strength and directionality of ties that bind them together, and
the properties of the emergent network of relationships, has enabled
insights into social structure beyond the capacity of individualistic
methods [39]. Concepts from mathematical graph theory have been
employed to provide quantitative insights into community struc-
tures for sociologists and anthropologists [30]. In practical terms,
these insights can be employed to cultivate and sustain existing
communities of users within an online platform.
Localised metrics that focus on single nodes or small groups
can reveal the role of individuals within their social network and
to what extent they affect others around them. Brown and Feng
employ a graph decomposition algorithm to find highly influential
users in a graph of Twitter interactions, determining those who act
as propagators of information [7]. Network metrics may be used
as an indicator of trustworthiness or “reputation”, an approach
used in Google’s PageRank algorithm [32], which assigns a high
reputation to web pages that are linked to by other high-reputation
pages. When applied to social networks, reputation can be allocated
to users themselves [2]. In platforms that employ such reputation
systems, network metrics can highlight collusive behaviour. For
example, Shen et al. present algorithms for collusion detection,
which can minimise the risk of reputation misuse [35].
Global network metrics offer further insight into social struc-
tures beyond that of the individual; social networks exhibit a high
level of clustering, or network transitivity, indicative of smaller com-
munities that form close ties within the larger network structure.
Fortunato presents a comprehensive review of work on graph-based
community detection, including a survey of algorithms employed,
and the applications of understanding such communities in differ-
ent network types [14]. For social networks, Cao et al. introduce
an improved algorithm for recommending content to a user based
on preferences within their implicit community [8]. Papadopoulos
et al. survey community detection in social media, highlighting its
application to identifying topics of social interest and communities
affected by particular events [33].
2.4 Community visualisation
While network analysis provides rich information on the structure
and function of social networks, this information must be commu-
nicated effectively to be of practical value. In general terms, the
effectiveness of an information representation can be considered
as its ability to generate insights for its user [31]. Community visu-
alisations can provide insights to administrators and researchers,
related to the structure and function of the community itself. Fur-
ther, insights at an individual level can be obtained by members
through understanding their place within the larger structure.
2.4.1 Community insight. Social network visualisations have been
applied as early as the 1930s, when Jacob Moreno introduced sim-
ple “sociograms” for the analysis of small group interactions [29].
Since then, a variety of powerful tools for general graph visualisa-
tion have been made available for generating insight from large,
complex, dynamic social structures. Wu et al. present a general
review of visual analytics of social media data, including novel
tools for understanding collective community behaviour [40]. In
the social science domain, Ghani et al. focus on the visualisation
of multimodal social networks, demonstrating the effectiveness of
visualising correlations across communities for social scientists’
analyses [18]. In the education domain, Dawson introduces a tool
for visualising networks of students and teachers within a Virtual
Learning Environment, allowing low-performing students to be
identified and allocated further teacher support [11].
2.4.2 Personal insight. From the perspective of online community
members themselves, transparent metrics on personal interactions,
and those of others, are conducive to strengthened community en-
gagement. Sun and Vassileva demonstrated that providing students
with a visualisation of their contributions to a class paper-sharing
community encouraged further participation [36]. Similarly, Gilbert
and Karahalios obtained feedback from open-source developers on a
visualisation of code project contributions, who expressed increased
motivation from a community-wide display of their work [19].
Valkanova et al. evaluated a public social visualisation of energy
usage, through which users engaged in critical thinking about their
own energy spending, and that of others [37].
In addition to these global network visualisations, individuals
benefit from representations that allow for critical reflection on
their personal activities over time. Examples pertaining to social
interactions include Vizster, which utilises the common node-link
network representation to provide an egocentric view of the in-
teracting user’s social network [22], and Themail, which depicts
individuals’ email conversation history [38]. Through such person-
ally focused visualisations, users engage in critical reflections about
their place and history within a community.
3 SOCIAL NETWORK METRICS
Towards designing visualisations that aim to both motivate users of
the commonfare.net platform to make contributions, and explicate
important platform dynamics to administrators, we derived metrics
through social network analysis methods. The commonfare.net
platform data consists of various types of interactions between
members, as well as their interactions with stories, listings and
tags. This is extracted from the platform database in GEXF for-
mat1 (a graph-based interchange format based on XML) which
allows the history of platform interactions to be represented as a
dynamic social network. This is then analysed using the Python
NetworkX library2 to extract relevant network insights, and gener-
ate formatted output files for visualisation purposes. This section
details the metrics of interest, and the underlying algorithms for
their generation.
3.1 A reputation metric - “commonshare”
Our metric that represents an individual’s contribution to com-
monfare.net, hereby known as commonshare, is primarily based on
1https://gephi.org/gexf/format/
2https://networkx.github.io/
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their core number within a k-core decomposition of the graph of
interactions. A k-core is a maximal subgraph that contains nodes
of degree k or more (those that have k or more edges) and the core
number of a node is the largest value k of a k-core containing that
node. An example k-core decomposition is pictured in Figure 1,
which shows that the central, densely connected yellow nodes have
a core number of 3, whereas the peripheral blue nodes have a core
number of 1. In general, a node’s core number represents how
central it is to the network.
This metric is important to both community members and ad-
ministrators. For members, their commonshare represents a form
of reputation, accrued through platform interactions, which can
motivate participation and establish trust between members. For
administrators, it is an indicator of overall platform activity, as
well as particularly active members, whose high core number is an
accurate measure of their strong influence in the network [7, 26].
We use the Python NetworkX implementation of the k-core de-
composition algorithm introduced by Batagelj and Zaversnik [3],
the pseudocode for which can be seen in Algorithm 1. It recursively
prunes nodes of degree less than k such that remaining nodes be-
long to a given k-core.
Algorithm 1: The Batagelj and Zaversnik algorithm for k-core
decomposition [3]
Data: graph G = (V ,E)
Result: table core[v] contains the k-coreness of v ∈ V
1 Init: Order V by degree[v] for all v ∈ V ;
2 for v ∈ V do
3 core[v] ← degree[v];
4 for u ∈ neighbours[v] do
5 if degree[u] > degree[v] then
6 degree[u] ← degree[u] − 1;
7 reorder V accordingly;
Further, we have made adjustments to account for different types
of interaction, by augmenting a node’s degree with the weight of its
edges, as proposed by Garas et al [16]. Following insight from our
network visualisation described in Section 5, users’ commonshare
is adjusted to give precedence to the weights of their interactions,
rather than the frequency of these interactions. A node’s ‘aug-
mented’ degree is calculated as k ′i =
√
ki
∑
wi j , where ki is the
node’s original degree, and
∑
wi j is the sum of its edge weights.
3.2 Potential collusive behaviour
Collusive behaviour is a prevalent issue in systemswhere reputation
can be accrued [1, 35]. In general, such behaviour is characterised
by two or more users cooperatively boosting their reputation by
providing multiple high ratings to each other, while ignoring or giv-
ing low ratings to other users. It is important for commonfare.net
administrators to identify this behaviour so that any benefits asso-
ciated with a high commonshare are allocated fairly.
We use a simplified implementation of the algorithm proposed
in [35] to determine whether a significant proportion of a user’s
total reputation comes from another node, and whether that node
Figure 1: An example
k-core decomposition
Figure 2: An example of po-
tential collusive behaviour
reciprocates. If this is the case, then these two nodes are flagged as
potential colluders. For example, Figure 2 depicts two nodes that
have multiple, weighted interactions with one another while inter-
acting minimally with other nodes. Pseudocode for the simplified
algorithm is given in Algorithm 2. The initial map A, which pairs
nodes to their edges, is only populated with nodes that exceed a
certain level of activity, to avoid checking all possible node combi-
nations. Line 8 indicates that potentially collusive behaviour occurs
when the ratio of edge weights from one node to the total sum of
edge weights of an examined node exceeds a given threshold T .
However, nodes are only considered colluders if this relationship is
reciprocal (line 4).
Algorithm 2: Collusion detection based on Shen et al. [35]
Data: map A = N :E: N=node IDs, E=incoming edges
Result: list C containing pairs of colluding nodes
1 Init: C ← ∅;
2 for each nx ,ny ,x , y ∈ N do
3 ex ← A[nx ], ey ← A[ny ];
4 if COLL(ex ,nx ,ny) & COLL(ey ,ny ,nx) then
5 C .append((nx ,ny ));
6 Function COLL(ex ,nx ,ny):
7 exy ← ex for all (ns ,nt ) ∈ ex , s = y;
8 return (
∑ |exy |/∑ |ex |) > T ;
While this is a basic means of detection that does not account
for more subtle forms of collusion, the platform is not at a scale
where sophisticated, automated detection mechanisms must be put
in place. Instead, this approach serves the purpose of highlight-
ing potential anomalies to administrators for investigation. As the
platform grows, additional options will be considered.
3.3 Static and dynamic communities
While community detection in static networks is well-studied [14],
the temporal evolution of social networks, and thus the presence
of communities at different points in time, is of greater interest
from a commonfare.net administrator’s perspective. The ability
to observe the growth, shrinkage, beginning and end of dynamic
communities over time affords insight into the stability of these
communities, including users or stories that act as stable anchors,
Supporting Social Innovation through Visualisations of Community Interactions C&T 2019, June 2019, Vienna, Austria
and temporal events that form or disrupt them. As an implementa-
tion, we use the solution proposed by Greene et al. of comparing
communities across discrete time steps [20], which is independent
of the static community detection algorithm used. At each time
step, a set of static communities is generated, for which we use
a Python implementation3 of the Louvain method of community
detection, first proposed by Blondel et al [5]. Pseudocode for the
approach is shown in Algorithm 3.
Algorithm 3: Dynamic community approach from [20]
Data: time step graphs д1 . . .дt
Result: list D of dynamic communities
1 Init: C1 ←LOUVAIN(д1), D ←{{∅}};
2 for C1i ∈ C1 do
3 D.add( {C1i } );
4 for y = 2 . . . t do
5 Cy ←LOUVAIN(дy);
6 for Cya ∈ Cy do
7 MATCH(Cya ,D);
8 Function MATCH(Cya ,D):
9 matched = false;
10 for Di ∈ D do
11 if SIM(Cya ,Di .top)> 0.3 then
12 Di .push(Cya );
13 matched = true;
14 if matched==false then
15 D.add( {Cya } )
First, the initial list of static communities in the first time step of
commonfare.net is computed. For every time step thereafter, static
communities are again computed and compared to those discovered
in previous time steps, using a comparison function (line 8). The
similarity of each new static community to the most recent instance
of each dynamic community is measured by the Jaccard similarity
coefficient [23] (line 11). If the similarity is above a certain threshold
(in this case 0.3) this static community is recognised as an instance
of the dynamic community, and is appended onto it. If no match is
found for the static community, it becomes the beginning of a new
dynamic community (line 15). Varying the size of time step yields
different results, with two weeks found to be a sensible value with
respect to the platform activity on commonfare.net.
4 DESIGN OF VIEWS
We assert that the metrics derived in the previous section can be
applied to stimulate participation, identify dynamic behaviour pat-
terns, and discover topics of interest within communities of plat-
form users. Towards effectively communicating these metrics, three
stakeholder groups have been identified, namely: the registered
users of commonfare.net who engage with each other through the
platform’s features; administrators of commonfare.net who have
an active interest in sustaining the platform’s growth; and visitors
3https://github.com/taynaud/python-louvain
to the commonfare.net platform with an interest in community dy-
namics, from a social action or research perspective. For these three
groups respectively, the following views have been developed:
(1) a network analysis view providing administrators with
social network analysis insights - in particular, the develop-
ment of the community and of potential manipulation of the
commonshare reputation system
(2) a personal view integrated into user profiles, which com-
monfare.net users can inspect to understand their contribu-
tions to the platform, and those of others
(3) a public view intended for use by public authorities and
researchers, showing current trends of story-telling and par-
ticipation within the platform
Each view is implemented with the D3 Javascript library4. This
section describes the initial design decisions undertaken for the
views, with their typical use cases.
4.1 Network analysis view
Unlike platforms that connect existing offline communities, com-
monfare.net enables the formation of new, geographically disparate
communities that, due to their potential fragility, need careful man-
agement to cultivate and sustain. As explained in Section 3, the
following two elements are of interest to platform administrators:
(1) Community development. Identification of users central
to the activity on commonfare.net is important to ensure the
continued development of the platform. For example, such
users are ideally suited for diffusion of important informa-
tion through a network [7, 25], and particularly active users
could be invited to participate in administrative roles in the
network, increasing their sense of platform ownership.
(2) Manipulative activity. It is also to be expected, given the
potential benefits of having a high reputation on common-
fare.net, that users may try to increase their perceived con-
tribution by creating meaningless content, or colluding with
other users by repeatedly engaging in meaningless interac-
tions [1, 35]. Ensuring these users are not rewarded for such
actions is necessary to keep commonfare.net fair and equal.
The overall network analysis view is shown in Figure 3. This section
describes the labelled components and how they provide visual
representations of important metrics.
4.1.1 Interaction graph. Figure 3A shows the interaction graph of
commonfare.net as a node-link representation. Each node repre-
sents a user (blue), story (red), listing (purple) or tag (green), and
each coloured link between these nodes represents an interaction,
such as a conversation, transaction, or story comment. The size of
each node represents its commonshare, and allows administrators
to identify strong levels of participation at a glance. This view also
highlights nodes in dark red if they are potentially involved in
collusive activity. For example, Figure 4 shows two user nodes (U1,
U2) who, while never interacting directly with each other, have
accumulated commonshare by repeatedly interacting with each
other’s stories (S1, S2). A slider (A1) allows the user to view the
graph of interactions for any two-week interval (the current level
of granularity) in the platform’s history, explicating the dynamics
4https://d3js.org
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Figure 3: Network analysis view, segmented into three main components
Figure 4: Detection of col-
lusion through indirect
interactions
Figure 5: Members of dy-
namic communities at a
single time instance
of platform activity. A checkbox (A2) toggles the cumulative view
of all interactions, and thereby the most influential users over the
history of commonfare.net.
4.1.2 Graph analysis widgets. Figure 3B contains widgets that can
be used to manipulate the graph for more detailed analysis. A slider
(B1) allows filtering of the graph by edge weight to highlight strong
interactions, and a menu (B4) allows filtering by specific tags.
The representation of both static and dynamic communities, as
derived in Section 3.3, involves further manipulation of the interac-
tion graph. A checkbox (B2) transforms the graph layout to cluster
nodes by their static community at any given time instance, and a
menu (B3) displays a text list of dynamic community names. When
a community is selected from this menu, all nodes that form part
of this community are highlighted. Small markers appear on the
timeline slider to indicate points of time where the dynamic com-
munity has been active. Figure 5 illustrates this idea - the bottom
cluster of yellow nodes represents a dynamic community at this
time step. Other yellow nodes appear in different clusters because,
in a past or future time step, they are also part of this community.
The two markers on the timeline indicate two time periods that
this community has been active in.
4.1.3 Temporal variations of simple metrics. Finally, Figure 3C high-
lights the components through which trends in various aspects of
platform activity can be inspected. Basic figures for this two week
period are shown, including the number of each type of node (C1)
and the total number of each interaction type (C2). Clicking on
one of these metrics will update an area chart (C3) to show how
this metric has changed over time. In the illustrated example, the
chart shows that story comments reached a peak during this period
(highlighted by the indicated green dot on the chart).
4.1.4 Use cases. The effectiveness of this view is being continu-
ously evaluated through its ongoing use by project partners, to be
discussed in Section 5. However, we highlight further questions
that can be answered as the platform grows:
• Who are the most engaged users? ‘Key players’ in the
commonfare.net network are those who interact with many
others and produce helpful, engaging content. Such users
could be offered an administrative role in the platform, sus-
taining it beyond the project’s lifespan.
• What is happening on the platform? In a general sense,
the view allows a network administrator to understand how
users are interacting, and whether actions can be taken,
such as disrupting collusive behaviour, or facilitating contact
between clusters of similar users
• What isn’t happening on the platform? Conversely, it
is important to determine a lack of activity, so that action
towards promoting commonfare.net to different groups can
be taken.
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4.2 Personal view
Originally, the concept of “commonshare” arose from participa-
tory design research with potential users of commonfare.net, who
wanted to represent their contributions in a non-competitive way.
This research will be detailed in future work, but we highlight some
key results. Foremost, existing reputation systems based on buying
and selling of products (such as those on eBay and Amazon) are
inappropriate to represent emotionally meaningful actions taken
on commonfare.net. In particular, due to the likelihood of emotional
and financial issues of commonfare.net users, a reputation system
must avoid inciting feelings of negative judgment, or any form
of indebtedness. Thus, instead of feedback or accumulative scores
common to existing systems, trust in a user can be built through
their consistent and coherent behaviour on commonfare.net, with
actions that align with one’s shared values.
From this user feedback, the primary goal of the personal view
is to allow individuals to observe their own interactions, and those
of others, on commonfare.net. In doing so, related work described
in Section 2 supports the use of personal visualisations to moti-
vate further contributions, thereby sustaining the development of
commonfare.net. Users can opt to make this contribution visual-
isation available on their profile, towards establishing trust with
other users of the platform. Three potential representations were
generated, shown in Figure 6 and compared in a user evaluation
described in Section 5. Shared features of each are as follows:
• The date pickers below each visualisation allow a user to
view platform activity over time.
• The commonshare value corresponding to the selected date
is shown explicitly in the middle of each visualisation.
• Colours used in the visualisations distinguish action types.
For example, story-based interactions are dark blue.
While varied in representation, they all allow an interested user
to see their activity in different platform areas, and how this con-
tributes to their overall commonshare. The visualisations are in-
teractive, so that users can obtain ‘details-on-demand’ of specific
interactions by hovering over and clicking on different areas of
each visualisation.
4.2.1 Use cases. The commonshare representation aims to answer
a number of questions users may have about themselves and others:
• Can I trust User X? The commonshare metric is resistant
to collusive behaviour. Thus, User Y can view the historic
activity of User X to determine whether User X is a genuine
contributor worth engaging with.
• Is User X like me? To determine whether to make contact
with another user, a sense of shared values was seen as
important . User Y can interact with the visualisation to see
what User X comments on or writes about, and whom User
X is also in contact with
• Howmuch am I contributing? Reputation systems in on-
line platforms are important for motivating fair platform
use and cooperation. Users can interact with their personal
visualisation to see what they can do to obtain greater value
for the platform and themselves.
Figure 6: Proposed personal visualisations
4.3 Public view
Rather than a tool for analysis, the public view in its current form
acts as a dashboard for glanceable monitoring of platform met-
rics [13]. A key decision was to avoid presenting too many detailed
facts and figures without necessary contextual knowledge. Instead,
a limited set of simple metrics are provided, to be developed as
platform activity increases.
A first version of the dashboard was made available at the end
of June 2018, a screenshot of which can be seen in Figure 7. At
present, this displays numeric metrics and an interaction graph of
the previous two weeks’ activity. For the next version, additional
simple metrics will be visualised, and more complex indicators -
crossing two or more metrics - will be defined and implemented.
4.3.1 Use cases. Public engagement in the project is a crucial com-
ponent for the sustainability and growth of the platform, with use
cases of the public dashboard pertaining to two types of organisa-
tion: social institutions and research centers. Through contact with
institutions - local public authorities in particular - activities on
commonfare.net will be promoted in line with their goals regarding
welfare policies and self-activation of citizens. Future dashboard
developments will enable public authorities to monitor the impact
of these activities within the platform. Further, the use of anony-
mous network analytics data, as provided through an advanced
version of the existing dashboard, could be provided in exchange
for funds or services offered by research centres. Given the demand
for dynamic, labelled network datasets in social network research,
the public dashboard will act as an API through which metrics of
interest can be accessed by partnering researchers, who in turn can
support the sustainability of commonfare.net.
5 EVALUATION
As recently conceived components of the platform, the three views
are still in iterative development from stakeholder feedback, with
evaluation of the network analysis view and the personal view
discussed in this section.
5.1 Network analysis view evaluation
Following increased platform activity in recent months, it has been
possible to view clusters of users and stories that are naturally
forming, and determine the perceived accuracy of the common-
share calculation. As partners in the commonfare.net project, our
measure of ground truth is our in-depth knowledge of the platform
and the members who have been influential in its evolution. By
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Figure 7: The current “dashboard” public view,with numeric
metrics, charts of visits and social activity
Figure 8: Previous (top) and new interaction graph resulting
from recalculation of commonshare
comparing algorithmic output to the ‘true’ influence of known plat-
form members, we have adjusted parameters to obtain output that
accurately reflects members’ contributions. Figure 8 illustrates the
effects of our adjustment of the weighting algorithm.
Each of the graphs shows the ‘overall’ commonshare, indicating
each node’s average contribution over the entire platform history.
The Core section highlights the network core, central to most ac-
tivity on commonfare.net. The Admin section highlights a node
with a high degree due to interacting with many otherwise discon-
nected nodes (in this case, an administrator user who seeded the
platform with information posts on public benefits). Finally, the
section labelled Pilot represents a week-long pilot conducted in
June 2018, where the commonfare.net digital currency was tested
at a festival during which purchases could be made from vendors
Figure 9: Dynamic community visualisation showing a lack
of strong interaction between members
through transactions. The upper graph shows the initial common-
share distribution. It was noted that users who had engaged in the
week-long pilot received a disproportionately high commonshare,
despite contributing no further platform activity. Also, while the
k-core algorithm is intended to favour densely connected content,
it was noted that users who created content that was not interacted
with by other platformmembers (e.g., the highlighted administrator
user) received an inflated commonshare as a result of having a high
initial degree. Thus, the network analysis view enabled identifica-
tion of necessary algorithm adjustments for a fairer allocation of
commonshare, as shown in the lower graph.
Insight into an existing platform issue has also been obtained
through the dynamic community visualisation, where it has shown
that ties on commonfare.net are sporadic and short-lived, indicative
of barriers to communication. Figure 9 shows three non-consecutive
graph instances in chronological order, grouped by clusters. The left-
most instance shows two users x and y who have interacted, sepa-
rate from a third user z who exists in a different cluster. Then, two
months later (middle instance) the three nodes eventually gather
in the same cluster. Following this single instance of community
behaviour, no further interaction has occurred between the three,
who now exist in separate clusters. As there are no ‘friendship’ or
‘following’ connections on commonfare.net, it appears that users
become unaware of each other’s new content. This insight has
motivated the addition of a recommender system to the platform,
described in Section 6.2.
5.2 Personal view evaluation
Evaluation of the three prototype personal visualisations shown in
Figure 6 was undertaken in December 2018. An online survey was
implemented using the LimeSurvey platform (www.limesurvey.org),
which allowed the visualisations to be integrated into questions.
5.2.1 Survey structure. First, the concept of commonshare was
described to users. Each of the three primary types of interactions
(conversations, story writing/commenting, transactions) were also
described, with emphasis on their significance. Each visualisation
was then presented and described in turn, with a multiple-choice
question on its content to assess basic understanding. For the main
section of the survey, simulated interaction histories for three users
were generated as representative examples that the visualisations
should be able to distinguish:
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• an inactive user who made one or two interactions in every
two-week period, with no preference for types of interactions
nor whom they interacted with
• a very active user who consistently had multiple interactions
in every two-week period. This user had a clear preference
for conversations and transactions with many other users
• a very active user who consistently had multiple interactions
in every two-week period, but only with the same two other
users (i.e., potentially collusive behaviour)
The three visualisations were presented again in a random order,
with each of the three simulated users further randomly paired
with a visualisation, in order to minimise potential presentation
bias. For each visualisation, participants were asked the following:
• What does this user like to do on commonfare.net? (multi-
ple choice)
• Who does this user interact with? (multiple choice)
• Howactive is this user on commonfare.net? (multiple choice)
• Based on this commonshare representation, would you have
any reason not to trust this user to engage in interactions
with them? (yes/no/not sure)
• Please explain your reason for this choice (open-ended)
In total, the survey took approximately 20 minutes to complete.
Participants were recruited by publishing a survey link on com-
monfare.net, requesting feedback from members on improving the
platform. No financial incentive was given to complete the survey.
In total, 48 responses were received.
5.2.2 Results. Somewhat conflicting results emerged from the sur-
vey. While participants unanimously preferred simplicity in repre-
sentation, the presented information was insufficient to determine
whether the simulated user was worthy of trust. Thus, feedback in-
dicated that more detail on interactions would be required to gauge
trustworthiness, e.g.: “I usually base my judgement on whether to
trust or not someone by relying on more qualitative/descriptive type of
feedback” ; and “Not enough detail on the content of their interactions
to decide their trustworthiness”. Participants were able to determine
how active a user had been, and the types of interactions they had
engaged in, but felt this information to be too simplistic.
To determine what participants would find useful for determin-
ing trustworthiness, they were asked to rate eight types of infor-
mation with ‘Yes’, ‘No’ or ‘Unsure’ as to whether this information
would be important. Results are shown in Figure 10, illustrating
that, in general, more information of all types is desirable. Partic-
ipants strongly felt that instances of a user helping another user,
and positive/negative feedback from other users, were the most im-
portant types of information. In contrast, ‘requests for help’ were
viewed as less indicative of trustworthiness, along with neutral
actions such as comments and social interactions.
5.3 Summary
Star-based ratings and cumulative feedback scores are popular on
e-commerce websites due to their simplicity - allowing them to be
quickly read and understood. However, these simplistic metrics only
convey a user’s reliability to fulfil a transaction or provide a correct
answer. In contrast, our results show that a glanceable display
of trust is impossible in the context of commonfare.net, whose
potential users would instead require rich, in-depth information
on other users’ history prior to making a decision about them.
Although our designs aimed to paint a more detailed picture of a
user’s interactions, the meaning behind these interactions remains
unclear, and thus insufficient to form a reasoned opinion of the user.
Schofellen et al. ask “How to visualise the dynamic backstories of an
issue in a readable way, in order to engage people in a participatory
process around this issue?” [34]. While initial engagement with the
personal view is highly likely (it is placed centrally in a user’s
profile page) its necessarily compact representation conflicts with
the need to show these rich “backstories” of interactions.
From the feedback given, participants appreciated a simple, un-
cluttered visualisation that could be used as a navigation tool for
reaching a given interaction, on which further information could
then be obtained. This was reflected in one participant’s suggestion:
“starting representation of donut, but with less clicks: you can use a
simple mouseover to enter in the different areas. Or, a click could
show you the little circles (shown as in the bunched circles) inside
the donut”. This strategy of balancing transparency and readability
relates to the “staged interaction” suggestion of Schofellen et al.,
whereby initial readability is prioritised and transparency is intro-
duced gradually, which will guide our subsequent iteration [34].
The majority of participants expressed a preference for the
‘donut’ visualisation, citing its simplicity and intuitiveness as their
reason for this preference, e.g.: “Cleaner and clearer - less busy and
therefore less distraction and ambiguity”. Conversely, the ‘nested
circles’ and ‘bunched circles’ were seen as cluttered and complex,
despite conveying the same information with similar interactive
features. The donut representation is now integrated into user pro-
files on commonfare.net, with ongoing design work to determine
an effective means of providing greater detail on interactions.
6 DISCUSSION AND ONGOINGWORK
Regarding our research questions outlined in the introduction, our
application of social network analysis to the commonfare.net plat-
form data has enabled us to determine a variety of metrics that
support our understanding of the community. Foremost, the “com-
monshare” of platform users serves as a metric of reputation that
highlights strong contributors, allowing administrators to under-
stand sources of platform growth through this metric. Towards
sustainable community development, administrators could poten-
tially offer these active contributors administrative roles themselves,
thereby building a self-sustaining platform. In relation to this, we
are also able to detect situations where this metric can be abused
through collusion, allowing administrators to take action against be-
haviour that could damage the community. Finally, our application
of dynamic community detection illustrates how relationships may
form and dissolve over time on commonfare.net, thereby raising
awareness of potential disconnectedness.
As previously discussed, these metrics must be effectively com-
municated to be of practical value to stakeholders of common-
fare.net, motivating our second research question. Addressing this,
our community graph-based representation has yielded actionable
insights into users’ behaviour, particularly regarding the separation
of pilot users and low adherence of dynamic communities. These
observations have thus motivated investigation into new ways of
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Figure 10: Participants’ views on different types of information for establishing trust
encouraging continued use (such as the recommender system de-
scribed further in this section). Moreover, survey participants in the
previous section addressed this question from the perspective of
a potential commonfare.net user. From their feedback, it emerged
that effective communication of a user’s trustworthiness cannot
be fulfilled ‘at a glance’, and instead relies on the ability to find
different types of content that the user has created, from which an
informed opinion can be made. As such, an effective visualisation
must act as a form of menu from which content can be filtered and
subsequently accessed.
At the time of writing, a longitudinal evaluation of the efficacy of
these visualisations in their context of use is in preparation. Positive
metrics such as increased network density or member count could
indicate that the inclusion of the views is beneficial, but we also
consider more rigorous ways to evaluate their impact.
6.1 Public view improvements
Since the beginning of 2019, increased platform activity by the
400+ registered users on commonfare.net has initiated plans for
publicising this active participation. Discovering the metrics of
greatest public interest and how best to communicate these is on-
going work. Participatory design, which has contributed to the
evolution of commonfare.net thus far, will now focus on develop-
ing the public dashboard, eliciting the views of public institutions
and research centres. This will result in an improved dashboard for
the final platform release, scheduled for later this year.
6.2 Recommender system
Towards encouraging more connections between members, a rec-
ommender system has been incorporated into commonfare.net.
By providing a given user with recommendations for stories or
other users of potential interest, based on previous interactions,
this increases the likelihood of their further engagement with the
platform.
Our implementation is based on a Personalised PageRank (PPR)
algorithm, first described by Haveliwala [21] as an extension of
Google’s PageRank algorithm [32]. This network-based approach to
recommendation mitigates the data sparsity problem experienced
in traditional collaborative filtering methods, where there may be
insufficient information to determine users’ similarity in terms of
content they access. Key points of our strategy are as follows:
(1) We use a personalisation vector that assigns an even ‘jump’
probability to all surrounding nodes of the user and all sur-
rounding nodes of the story they are viewing.
(2) We weight each edge of the entire graph based on its ‘age’
(i.e., the time of the last interaction) such that newer edges
are more likely to be traversed.
(3) In addition to the recommended stories returned from the
PPR calculation, we consider ‘neglected stories’ as those writ-
ten in the past month that have had little to no interaction.
(4) Users of higher influence in the network (determined by
their commonshare) are more likely to be recommended
neglected stories, increasing coverage of all stories on the
platform, and mitigating potential favouritism bias.
Following the release of the recommender system onto common-
fare.net, an empirical evaluation of its effectiveness in sustaining
platform engagement will be conducted. Its effect can be determined
quantitatively, through observation of activity on the network anal-
ysis view and from other engagement metrics obtained through
platform analytics. We will use A/B testing, a form of online con-
trolled experiment, in which platform users are randomly split to
see no recommendation of further platform content to read (the
‘control’ condition) or to see these recommendations presented on
stories and user profiles (the ‘treatment’ condition) [12].
7 CONCLUSION
The motivation behind our work is that digital communities can
benefit from carefully designed visualisations and data analyses,
which provide them with knowledge that supports their goals. We
designed a set of relevant visualisations based on social network
analysis, which are intended to support the specific social innova-
tion goals through a commonfare approach. Fostering commonfare
requires users to engage with each other as well as the common-
fare.net platform’s digital artifacts. To this end, social network
analysis allows the identification of emerging patterns of relations,
which can be offered to platform members, administrators, and in-
deed any entity interested in the objectives of the commonfare.net
platform. Our work brought us to reflect on the appropriateness of
certain visualisations for end-users of a community that may lack
technical experience. We also offered community managers tools
for investigating hidden patterns of relations, which are not appar-
ent through standard analytics tools. This includes positive patterns
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around the creation of information sub-communities, which could
be further supported in achieving their objectives, but also includes
negative behaviours such as collusion.
In summary, building and sustaining an online community is
a difficult task requiring contributions from all stakeholders. This
case study of community visualisations has demonstrated clear
benefits in a greater understanding of community behaviour, but
also design challenges that remain to be overcome in representing
an appropriate level of information to the communities themselves.
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